This paper is about the role played by stock of human capital on location decisions of new manufacturing plants. We analyse the effect of several skill levels (from basic school to PhD) on decisions about the location of plants in various industries and, therefore, of different technological levels. We also test whether spatial aggregation level biases the results and determine the most appropriate areas to be considered in analyses of these phenomena. Our main statistical source is the Register of Manufacturing Establishments of Catalonia (REIC), which has plant-level microdata on the locations of new manufacturing plants.
Introduction
Both academics and policymakers have shown a growing interest in the analysis of decisions regarding the location of new plants. For academics, the phenomenon deserves attention because of there is still great uncertainty surrounding the process of making location decisions, mainly in terms of the methodologies used but also regarding specific determinants and spatial aggregation issues. For policymakers, the main concerns are related to the effects of plant location on urban and regional growth in terms of employment growth and economic dynamism, but they are also interested in identifying location determinants in order to implement effective entry-promotion policies.
In light of this interest, there is still room for new contributions and, specifically, for the analysis of how local 1 characteristics contribute to new entries. Of these local characteristics, there is one for which there are no conclusive results from empirical work: human capital, and specifically, the skill level of human capital in terms of formal education, which could be indicative of labour-force quality.
Many scholars have introduced human-capital characteristics into their estimations but, unfortunately, the existing results are very heterogeneous (although they roughly indicate that human capital is of minor importance among the determinants of new firm location) and do not clearly identify the effect of human capital on entries. Furthermore, nothing has been said in the literature about where to check for the effect of human capital on location decisions (e.g., In the same areas where plants are located? In neighbouring areas? In a wider geographical area?) and whether the effects are different for different industries (e.g., Are firms from different industries looking for the same types of skills when choosing a site, or is the search process shaped by industry specificities?). Because of the shortcomings of previous empirical contributions, there is a lack of consistency that has enormous implications for policymaking, since no clear policies can be set to promote firm entry, apart from some general considerations about improving the stock of human capital. In this paper, we aim to better illustrate this relationship and to provide empirical evidence for the effect that different skills (in terms of formal education) have on decisions about the location of new manufacturing plants. Specifically, two research questions are addressed in this study: i) Are previous empirical findings that human-capital stock is of minor importance due to the inappropriate selection of spatial units in the analysis of human capital? ii) Once the previous shortcomings have been resolved, is it possible to accurately determine whether location decisions of new plants are shaped by industryspecific characteristics, insofar as specific human-capital stock is considered?
We have structured the paper as follows. In Section 2 we discuss the literature on location determinants of manufacturing firms and, specifically, on the role played by human capital. In Section 3 we present the model and the data. In Section 4 we present and discuss the results. Finally, in Section 5 we summarise our main conclusions.
Literature review

Determinants of location decisions
Empirical studies of location decisions of manufacturing firms are very heterogeneous in terms of methodology, range of industries, spatial areas considered, types of entering firms and determinants. Arauzo-Carod et al. (2010) recently summarised the main contributions by grouping them by method (discrete-choice models and count-data models) and by theoretical approach (neoclassical, institutional and behavioural factors).
The empirical evidence reviewed by Arauzo-Carod et al. (2010) shows that most studies in this field highlight the importance of agglomeration economies, but also that there are other important determinants that should be taken into account, such as transport infrastructures, technological level of entering firms, 3 taxes, environmental regulations, entry-promoting policies, behavioural issues and human-capital characteristics.
Territorial human capital and firm location
The effect of educational level on firms' location decisions is twofold: some scholars have demonstrated a positive relationship (Alamá-Sabater et al. 2011 , Alañón et al. 2007 , Cheng and Stough 2006 , Egeln et al. 2004 , Gabe and Bell 2004 , Holl 2004c , Holl 2004b , Coughlin and Segev 2000 , Smith and Florida 1994 , Woodward 1992 , Luger and Shetty 1985 , Guimarães et al. 2000; Schmenner et al. 1987; Bartik 1985 Bartik , 1988 and still others have found mixed effects Viladecans 2009, Arauzo-Carod 2008) . The empirical evidence therefore seems to be inconclusive and contradictory, and consequently there is room for more empirical work to identify some stylised facts about the effect of educational level on the location of new plants. 3 On the basis of this (apparently) contradictory evidence, we can ask some key questions: i) Should the educational level of the whole population be measured, or only that of the working population? ii) Should skill levels be analysed in the areas where firms locate, or in neighbouring areas? iii) Should industry-specific effects be identified (if skilled human capital is considered a production input, its weight differs considerably among industries)? Additionally, we should consider that higher educational levels are usually correlated with higher wages, so depending on its economic activity, a firm should consider whether to accept paying such wages.
2 Some of these papers analyse only the location decisions of high-tech firms (Egeln et al. 2004, Luger and Shetty 1985) , so it seems reasonable to find a positive effect, although Arauzo-Carod (2009) also analyses only the entry of high-tech firms and finds a negative effect. 3 Previous contributions are also highly heterogeneous in terms of methods, approaches, detail level of the analysis, industry aggregation and focus.
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What population should be analysed and how should human capital be measured?
Measurements of individual educational levels that can influence new firms' location decisions should take into account size differences among territorial units, and the easiest (and most popular) way of doing this is to standardise educational variables by some indicator of territory size, usually population or workers. It appears that scholars just find and use available data (e.g., people with tertiary education / total population), but it is also reasonable to argue that behind each indicator there are some theoretical underpinnings, even if the importance of data constraints is acknowledged. Specifically, standardising the number of educated individuals by total population has slightly different implications, in terms of the nature of the effect, than standardising the number of educated workers by total workers. Whereas focusing on population implies taking into account the potential human-capital stock of a territory (regardless of whether this potential is being used), focusing only on workers implies a shortterm approach and considers only the current stock of human capital used for economic purposes. The human-capital measures included in this dataset refer to the number of individuals with the specified characteristics relative to the number of jobs (in 2001).
Empirical evidence shows that measures of human capital are very heterogeneous in terms of how human-capital variables are measured:
 Availability of education institutions: the presence of a local high school (Gabe and Bell 2004) . (Woodward 1992) , the number of manufacturing 4 Gabe and Bell (2004) use a more detailed approach and they also compute local public spending on education. We do not take those expenditures into account because they refer to input measures, and in this study we concentrate on output measures. 5 Holl (2004b) uses a more complete approach. She considers not just educational level (mean years of education) but also work experience. 5 employees with 10 or more years of education (Hansen 1987) , median years of education (Bartik 1985) .
 Percentage of the population that reaches intermediate educational levels: the percentage of the adult population with at least a junior high school education (Cheng and Stough 2006) , the ratio of high school students to all people aged 15-18 (Cieślik 2005) , the percentage of the regional labour force with no more than a secondary school education (Holl 2004a) , the percentage of the population age 25 or over with at least a high school diploma (Coughlin and Segev 2000) , the proportion of the labour force with an elementary (secondary) education (Guimarães et al. 2000) , the percentage of the workforce that has completed high school (Schmenner et al. 1987) . that has completed at least secondary education (Alañón et al. 2007) , the percentage of the population with a high school degree or above (Smith and Florida 1994) .
 Percentage of the population that reaches high educational levels: the percentage of the population with a university degree (Arauzo-Carod 2005) , the percentage of the labour force with higher education (Holl 2004c ).
 Number of individuals that reach specific educational levels: number of inhabitants with a university degree (Egeln et al. 2004 ).  Other measures: percentage of white-collar workers in labour force (Luger and Shetty 1985) . 6 Where and how should educational levels be measured?
As mentioned above, scholars have measured educational attainment for different types of populations (e.g., resident population, working population, active population, etc.) and geographical levels (e.g., cities, counties, metropolitan areas, provinces, regions, etc.) when using this characteristic as a determinant for the location of new plants. However, most existing empirical evidence offers no theoretical arguments to support these measures (e.g., favouring local over regional measurement of human capital), so it seems that data availability unfortunately drives the way in which educational level is measured. In other words, scholars just find available measures without questioning whether the geographical level of aggregation or the educational level in question were the most appropriate measures.
Obviously, this heterogeneity could bias the results and make comparisons more difficult, because the spatial areas used range from small geographical units such as municipalities to larger ones such as US states: (Egeln et al. 2004) , US counties (Coughlin and Segev 2000 , Smith and Florida 1994 , Woodward 1992 .  Province level: provinces in China (Cheng and Stough 2006) , NUTS3 in Portugal (Holl 2004a (Holl , 2004b , NUTS3 in Spain (Holl 2004c (Schmenner et al. 1987 , Bartik 1985 , Luger and Shetty 1985 .
Within the theoretical discussion about the geographical areas that should be taken into account, Woodward (1992) argues that although educational attainment has traditionally been measured at a large geographical level (specifically, US states), educational levels usually vary considerably when smaller units (e.g., counties) are considered, so smaller areas should be preferred for an empirical analysis. Apart from Woodward, however, there has been no discussion of whether such measures are appropriate, and researchers usually use whatever data is available.
Despite the previous methodological approaches, it seems reasonable to assume that new plants take into account the availability of skilled labour accessible to the new location, so the spatial aggregation level of human-capital variables really does matter. Under this assumption, we will consider that new firms look at human-capital availability within an area big enough (a radius of 60 km) to account for spatial dependence phenomena among individuals and firms (see Section 4.1). The point is that firms look at skilled labour both at the local level and in neighbouring areas.
How should industry-specific effects be taken into account?
It seems reasonable to assume a direct relationship between the technological level of a firm (or industry) and the skill level of its workers, so one could expect that low-technology firms would depend on low-skilled labour whereas hightechnology firms would depend on high-skilled labour. Surprisingly, most scholars do not take into account such industry-specific requirements, instead measuring educational level without distinguishing by industry. But if we assume that educational requirements differ by industry, mixing all the industries together produces biased effects.
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Apart from the obvious fact that the labour force of a firm (or industry) is a combination of different skills (in a specific proportion) that depends on the technological level of the firm (or industry), one should expect that when choosing a site low-tech firms look (mainly) for the availability of unskilled workers, while high-tech firms look (mainly) for the availability of skilled workers.
Holl ( positive effect for all manufacturing activities, but this significant effect is maintained at the two-digit level only for some manufacturing activities (minerals, metal products, machinery, food and beverages, paper and printing, and wood and furniture).
In a similar approach, Arauzo-Carod (2005) uses the same measure of human capital (percentage of the population with a university degree) to analyse entries in different industries and concludes that the negative effect that he found when analysing all entries together only holds for industries with differentiated products; the effect is positive and not significant for natural resources, labourintensive industries and R&D-intensive industries, and negative and not significant for industries with economies of scale.
7
It is for high-tech firms that one could expect a clear positive relationship between location and availability of skilled labour, as has been demonstrated, among others, by Audretsch and Lehmann (2005) , who explain that the number of knowledge-based start-ups clustered around German universities "is positively influenced by the knowledge output of the respective university and the innovative capacity of the region", and by Egeln et al. (2004) about spin-offs created from public research institutions. But there is also empirical evidence (Luger and Shetty 1985) that shows some mixed results (depending on the industry) and even points in the opposite direction (Arauzo-Carod 2009).
In addition to the aforementioned considerations of employee skill level, one could argue that there is also a wage effect, but wages and educational levels tend to be highly correlated (see Table A .1 in the Appendices), which in some cases could make it harder to determine whether a skill effect or a wage effect is driving a firm's decisions. Specifically, this means that even if the effect on entries can be easily identified (i.e., it positively or negatively influences the number of new plants), it would not be clear whether the effect was caused by a high (low) level of educational attainment or by a high (low) wage level.
Data and model
Data
The data in this paper refer to Catalonia, To check for some type of correlation among explanatory variables, we provide a correlation table that shows that there are no major problems with the humancapital variables (Table 2) .
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In accordance with these results, we were able to use all of the human-capital measures in the econometric estimation.
[INSERT TABLE 2 HERE]
It is important to have an overview of the spatial distribution of human-capital variables, since one could expect the educational levels of the population to be unevenly distributed across the analysed territory. Figure 3 shows the educational spatial distribution by municipality, taking into account various measures of skills.
[ INSERT FIGURE 3 HERE] Generally speaking, the data in Figure 3 show a spatially heterogeneous distribution of skills, which strongly determines spatial differences in attractiveness for firms according to skill requirements. There is a slight concentration of more educated people around the metropolitan area of Barcelona and in the wealthy areas of the northeast and northwest, where income levels are above the mean. Additionally, there are specific municipalities with high educational levels that usually correspond to county capitals and surrounding areas. The inland and southern areas (usually the most agricultureoriented) have lower educational levels. Figure 3 depicts the labour market from 10 CI ranges from 0 to 1, where 0 means that the municipality is not at all specialised in any industry and 1 means that the municipality is highly specialised. 11 SMALL refers to firms with up to 50 workers. 12 Only for YEARS and PRIMEDU is the correlation between variables slightly high. 13 the perspective of skill supply but obviously says nothing about the demand for skills (we have no spatial distribution of skill requirements for jobs), nor do we assume that all workers' educational levels fit perfectly with the educational level required for their jobs. Therefore, we acknowledge that these data could hide some cases of overeducation, but the purpose of this paper is not to address this issue. We examine the educational levels of the population merely to determine whether new firms can access different levels of knowledge depending on the geographical area where they decide to locate and whether these location decisions are industry-specific (i.e., different types of industries have different types of requirements in terms of employees' skills).
Model
Following previous empirical contributions on the location determinants of new plants (see Arauzo-Carod et al. 2010 for a review), we use count-data (CD) models to identify location determinants. These models are extremely convenient for dealing with large datasets about possible location alternatives (e.g., municipalities).
Because descriptive statistics about entrants at the two-digit industry level (Table 3) show signs of both overdispersion and zero inflation, 13 we decided that a basic CD model such as a Poisson model should not be considered.
[ INSERT TABLE 3 HERE] The CD models expected to fit best with this data are those that account for the aforementioned specificities (i.e., negative binomial, zero-inflated Poisson and zero-inflated negative binomial), 14 so we first estimated a baseline model 13 Overdispersion and zero inflation are typical features of data about the location of new plants. Specifically, they suggest a high heterogeneity among sites, which means that there are important differences in the number of plants that each site (municipality, in this case) receives and that some (sometimes most) sites do not receive any entries at all. For a technical analysis of the implications of overdispersion and zero inflation, see Cameron and Trivedi (1998) . 14 Nevertheless, we also estimate a Poisson model in order to compare results with the (a priori) more suitable models. 14 without any industry effect and selected the one that fit best using the Akaike information criterion (AIC), the log-likelihood function (LOG) and the Vuong test.
[INSERT TABLE 4 HERE] Table 4 shows the results of these statistics, which suggest the use of zeroinflated negative binomial models. Negative-binomial models fit better than the rest and, of these, the zero-inflated negative binomial is the one that performed best, according to AIC and LOG. The Vuong test also favoured the zero-inflated negative binomial over the negative binomial model.
Empirical approach and results
Spatial exploratory analysis
In order to account for spatial dependence, we also considered the spatially lagged variables of the human-capital-independent variables. Specifically, these are estimated as follows: W_X = WX, where X is a matrix that contains the human-capital-independent variables and W is an appropriate (rowstandardised) spatial-neighbour matrix. W can be approached in different ways (distance-based neighbours, k-nearest neighbours, contiguous neighbours and inverse-distance-based neighbours); nevertheless, in a departure from previous research on the same geographical area, we decided to build W as a distancebased matrix and, specifically, using a neighbouring criterion of 60 km (i.e., two municipalities are considered neighbours if they fall within 60 km of one another, measured from the centroid of each municipality).
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Once W is identified, we can calculate whether the variables are spatially related. In order to do this, we calculate both global and local measures of spatial 15 Arauzo-Carod and Manjón-Antolín (2011) analyse the empirics of the location of new manufacturing plants in Catalonia and try to determine the geographical scope that should be considered when dealing with location issues. They compare several W-matrixes with criteria ranging from 10 km to 100 km using the log-likelihood function, the Akaike information criterion and the chi-square goodness-of-fit test, and they find that the best fit was achieved by the 60 km W matrix. Because their dataset is exactly the same as the one used in this paper, we can therefore use a 60 km weight matrix as a neighbourhood criterion. 15 autocorrelation: Moran's I (Moran, 1948) [ INSERT TABLE 5 HERE] Beyond global spatial autocorrelation measures, it is important to notice that spatial dependence phenomena could be local in nature rather than global, so we must check whether results are driven by the general characteristics of the data or the territory under analysis or, on the contrary, driven by specific local characteristics that exist only in some areas. Accordingly, we have estimated a Local Index of Spatial Association (LISA) for the variables (Figure 4) , where red areas indicate high-high spatial autocorrelation, dark blue areas indicate lowlow spatial autocorrelation, light blue areas indicate low-high spatial autocorrelation, light red areas indicate high-low spatial autocorrelation and white areas indicate that spatial autocorrelation is not significant.
[ INSERT FIGURE 4 HERE] 
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The maps in Figure 4 show that spatial dependence differs by geographical area and human-capital variable. Specifically, whereas in the southern areas there is low-low spatial autocorrelation for variables measuring higher levels of education and high-high spatial autocorrelation for variables measuring lower levels of education, in the northwestern areas the opposite occurs, since the spatial autocorrelation tends to be negative for low-education variables and positive for high-education variables. The maps of local spatial autocorrelation taken together with Figure 4 show quite different (and, to a certain extent, homogeneous) areas: northwest, northeast, south and, sometimes, centre (around the metropolitan area of Barcelona). For most of the explanatory variables, these areas show a different pattern in terms of local spatial autocorrelation and are separated from the rest of Catalonia by wide swaths in which there is no local spatial autocorrelation. Accordingly, it seems that the spatial dependence of human-capital variables is driven by spatial homogeneity at larger areas. This result appears to be reasonable, given the spatial distribution of the public education infrastructure, which is designed for areas larger than municipalities.
Econometric estimation
As seen in the previous section, estimation tests suggest using the zero-inflated negative binomial model. 16 We will first estimate a baseline model without industry-specific effects (Table 6 ) in order to see general trends regarding the influence of several human-capital educational levels 17 on the location decisions of new manufacturing plants. Later, we will introduce both spatial effects and industry effects in order to account for these issues. Specifically, we will show an estimation considering OECD classification of manufacturing industries according to sources of competitiveness both with and without spatial effects (Table 7) . 16 Applications of the zero-inflated negative binomial model are quite recent in empirical location literature and include those of Manjón-Antolín and Arauzo-Carod (2011), Arauzo-Carod (2008) and Kim et al. (2008) . 17 In addition to current measures of human capital, we also calculated some interactions among them but the results were roughly the same.
[ INSERT TABLE 6 HERE] Our first estimation does not take into account industry-specific effects. While it can surely be strongly criticised, this assumption can be useful as a starting point. The results of this estimation (Table 6) and not significant. These results could suggest that human-capital levels at the local level have no effect on firms' location decisions, but we consider that this conclusion is strongly biased by i) not taking into account industry-specific effects, which are correlated with different types of educational levels, and by ii) trying to estimate the location decisions of new plants at the local (municipality) level by considering only the stock of human capital at the local level, without taking into account the stock in neighbouring municipalities. Accordingly, when spatially lagged human-capital variables are introduced, the estimation results become more reasonable because although human-capital variables measured at the local level remain not significant, the corresponding spatially lagged variables are all positive and significant. Our assumption is that human-capital variables should not be measured at the local level but rather over a wider spatial area, since firms look for workers not only in the specific 18 sites (municipalities) where they are located, but also in the surrounding areas.
Moreover, from the workers' point of view, the labour market (i.e., the area in which they commute daily) is larger than local. Therefore, if we measure stock of human capital at a more appropriate spatial level, this bias should be lower.
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The estimation also needs to address industry-specific issues, since it is not reasonable to assume that firms from different industries require the same types of workers in terms of educational attainments (e.g., considering differences such as knowledge intensity or skill composition of the labour force). We must therefore take into account industry effects.
[ INSERT TABLE 7 HERE] Generally speaking, our results are quite similar to the previous estimation in terms of the lack of significance of human-capital variables measured at the local level and the expected and significant results for most of the control variables, although there are several industry-specific effects that create a slightly different picture. Interestingly, differences arise when spatially lagged variables are introduced. These differences turn out to be positive and significant only for specific industries and types of educational levels, which is logical in terms of the abovementioned industry specificities.
Spatially lagged human-capital variables that measure lower levels of human capital (W_INCOMPE and W_PRIMEDU) have a positive and significant effect on the location of new plants in industries with low-medium technological levels, such as natural-resource-intensive, labour-intensive, differentiated-products and scale-economy-intensive industries. The explanation is that whereas firms from these industries use low-skilled labour (albeit with different intensities), firms from R&D-intensive industries do not rely on employees of this type. These results help to illustrate how the location decisions of manufacturing firms are shaped by the characteristics of potential sites in terms of educational attainments, but the variables used in the econometric estimations obviously do not explain the whole decision process, in view of the fact that i) some variables could be omitted (for instance, some characteristics of entrepreneurs such as where they live, family characteristics or specific linkages to specific areas), and ii) there are some random processes that affect these decisions. This implies, for instance, that some municipalities deemed (a priori) to be unsuitable (due to their characteristics and the characteristics of the entering firms) could in fact be chosen.
Conclusions
In this paper, we have tried to empirically asses the influence of the skill level of individuals on the location decisions of manufacturing firms, an issue that has received little attention from scholars. Our results show that i) firms do not perceive educational attainments strictly at the local level, but rather at a broader level, and ii) depending on a firm's characteristics (i.e., industry) the educational attainments of the individuals in a specific area may play different roles in plant location decisions. Therefore, there are both geographical and 20 industry-specific dimensions to be considered in firm location processes. Our empirical findings also suggest that a failure to take spatial issues and industryspecific effects into account could lead to biased results. Nevertheless, our findings should be considered cautiously. In this paper, we have approached skill levels only in terms of formal education, but some firms prefer to train or retrain workers (Woodward, 1992) , and formal educational levels would not be very important in such circumstances because the firms could upgrade them.
Some interesting and useful policy implications arise from our results: firstly, firms take human-capital stock into account in their decisions, but at the local level, so educational policies should focus on areas larger than local units; secondly, firms from different industries differ in their educational requirements, so public policies should take into account regional specialisation levels in order to better design public educational programmes; and thirdly, although firms rely mainly on specific educational levels according to their characteristics, access to certain types of educational levels is useful for firms of all sorts, regardless of location (and as a result, transport infrastructures are relevant).
As this is a first attempt to explore the role played by educational attainments on firm location decisions, there is still room for new contributions. Future research should attempt to better identify firms' demands in terms of educational attainments in order to better match such requirements with geographical stock of human capital. An alternative way of identifying these demands could be to take into account the technological level of both the firms and their products instead of just considering the industries to which firms belong. 
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